
TURBO: Utility-Aware Bandwidth Allocation for
Cloud-Augmented Autonomous Control
Peter Schafhalter∗

University of California, Berkeley
Alexander Krentsel∗

University of California, Berkeley

Hongbo Wei
University of California, Berkeley

Joseph E. Gonzalez
University of California, Berkeley

Sylvia Ratnasamy
University of California, Berkeley

Scott Shenker
University of California, Berkeley

Ion Stoica
University of California, Berkeley

∗These authors contributed equally to this work.

Abstract
Autonomous driving system progress has been driven by improvements in machine learning

(ML) models, whose computational demands now exceed what edge devices alone can provide. The
cloud offers abundant compute, but the network has long been treated as an unreliable bottleneck
rather than a co-equal part of the autonomous vehicle control loop. We argue that this separation
is no longer tenable: safety-critical autonomy requires co-design of control, models, and network
resource allocation itself.

We introduce TURBO, a cloud-augmented control framework that addresses this challenge,
formulating bandwidth allocation and control pipeline configuration across both the car and cloud
as a joint optimization problem. TURBO maximizes benefit to the car while guaranteeing safety
in the face of highly variable network conditions. We implement TURBO and evaluate it in both
simulation and real-world deployment, showing it can improve average accuracy by up to 15.6%pt
over existing on-vehicle-only pipelines.
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1 Introduction

Autonomous driving holds huge transformative potential for society, leading the first wave
of real-world machine learning (ML) system applications. Autonomous vehicles (AVs) have
the potential to reduce road fatalities through the elimination of human error [2], free up to
one billion hours spent in traffic per day by improving traffic flow [84], and provide mobility
to millions of people impacted by disabilities [22]. Recent years have seen successful limited
commercial deployments of AVs [136, 24, 125] in target markets with favorable environments.
However, challenges remain such as operation in poor weather conditions, construction zones,
and busy regions [18].

Progress in autonomous vehicle deployment has been driven by advances in machine
learning models across components of the AV control pipeline. This pipeline is structured
as a directed acyclic graph (DAG) of ML-based services, each responsible for tasks such
as camera stream object detection, movement prediction, and action planning (Section 2).
Significant effort has been devoted to increasing the accuracy of the machine learning (ML)

© Peter Schafhalter, Alexander Krentsel, Hongbo Wei, Joseph Gonzalez, Sylvia Ratnasamy, Scott
Shenker, and Ion Stoica;
licensed under Creative Commons License CC-BY 4.0

1st New Ideas in Networked Systems (NINeS 2026).
Editors: Katerina J. Argyraki and Aurojit Panda; Article No. 18; pp. 18:1–18:36

OpenAccess Series in Informatics
Schloss Dagstuhl – Leibniz-Zentrum für Informatik, Dagstuhl Publishing, Germany

mailto:pschafhalter@berkeley.edu
https://orcid.org/0009-0007-9865-0456
mailto:akrentsel@berkeley.edu
https://orcid.org/0009-0005-2728-1898
mailto:hwei0@berkeley.edu
https://orcid.org/0009-0001-4824-5766
mailto:jegonzal@berkeley.edu
https://orcid.org/0000-0003-2921-956X
mailto:sylvia@cs.berkeley.edu
https://orcid.org/0000-0002-0524-9425
mailto:shenker@berkeley.edu
https://orcid.org/0000-0002-1357-7533
mailto:istoica@berkeley.edu
https://orcid.org/0000-0002-5373-0088
https://doi.org/10.4230/OASIcs.NINeS.2026.18
https://creativecommons.org/licenses/by/4.0/
https://www.dagstuhl.de/oasics/
https://www.dagstuhl.de


18:2 TURBO: Real-time Utility-Aware Bandwidth Allocation

0 100 200 300 400 500 600
Bandwidth [Mbps]

0
20

40
60

80
10

0
R

T
T

[m
s]

0

5

10

15

In
cr

ea
se

in
A

cc
ur

ac
y

[%
pt

]

Figure 1: TURBO improves the average accuracy of AV perception and motion prediction services
across a range of network conditions.

models [10, 139, 113, 70, 86] that implement these services, which in turn improves the end-
to-end decision-making of AVs [3, 4]. Recently, state-of-the-art (SOTA) models have shown
remarkable improvements in accuracy by scaling to larger parameter counts [110, 145].

However, deploying SOTA models on AVs is increasingly challenging because vehicles
have an order-of-magnitude less compute than a single datacenter GPU1. On-car compute
is fundamentally limited by physical power, thermal, and stability limits [74, 56], as well as
the high cost of ML accelerators that makes scaling on-vehicle compute financially infeasible.
The tight runtime service-level-objectives (SLOs) for AV control tasks – aiming to operate
end-to-end with faster-than-human reaction times (e.g., 0.39 to 1.2 seconds [138, 58]) – re-
quire system designers to carefully balance on-car model runtime with high-quality decision-
making [44, 120, 33].

Given the growing disparity between edge and cloud compute, we ask: how can we
design a real-time edge control system capable of running highly accurate, compute-intensive
models without compromising safety? The key safety requirement we consider is the ability
to make decisions within a real-time constraint in any operating environment. Because we
aim to bridge this disparity using mobile networks, our system must continuously meet
this requirement under unreliable network conditions as well as full disconnection. Under
this requirement, we design our system to maximize the decision-making quality, i.e., the
accuracy of the individual services comprising the AV pipeline.

Meeting these design goals in a practical system presents several challenges. The primary
challenge is that running the control pipeline off the car requires traversing cellular networks,
which have severely limited and highly variable network conditions compared to traditional
networked environments. AVs generate over 8 Gbps of data across different sensing modali-
ties2 [126, 47], far exceeding the 100 Mbps target uplink bandwidth for 5G networks. Prior
work [106] has observed that cloud-grade GPUs can run an individual ML model faster than
on-car GPUs, fast enough to make up for cellular ping round-trip time (RTT) latencies; how-
ever, this work does not discuss the crucial portion of latency induced by limited cellular
bandwidths, which is significant enough to make executing in the cloud infeasible as shown
in Section 6.1. Second, we make the key observation that the value of each data stream
generated by an AV is not equal, and can vary dynamically with the environment.

1 A single SOTA cloud GPU (H100) can perform over 10× more operations per second than AV-targeted
chips like NVIDIA’s DRIVE Orin [94, 92].

2 A camera generating 1920 × 1280 frames, 10 Hz contributes 590 Mbps.
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Our key insight to address these challenges is the opportunity and need to co-design
the control pipeline with resource allocation. The opportunity arises from the fact that un-
like traditional coded systems, services in a compound AI control system are reconfigurable
through the availability of “families” of task-specific models. Each model in the family is
interchangeable, providing its own runtime/size/accuracy tradeoffs for a given task. This
allows our system to unify resource allocation and dynamic system configuration; e.g., the
system can increase bandwidth allocation to a datastream to lower transmission time and
enable running a slower, more accurate model where it is holistically most beneficial. The
need arises as a consequence of differing value of datastreams; as we show later on (Sec-
tion 6.1), without intelligently selecting the datastreams to allocate bandwidth to, the car
sees practically no performance benefit under real-world network conditions.

We present TURBO, a cross-edge-cloud AV control framework that jointly optimizes
bandwidth allocation and cloud model selection to maximize benefit to the car. TURBO
Task Utility and Resource Bandwidth Optimizer offers multiple cloud models for several
AV services, and greedily selects the best possible configuration of both cloud models and
bandwidth allocations that will meet strict runtime SLOs, while continuing to run on-vehicle
models in parallel as a fallback to ensure baseline safety. These decisions happen dynamically
at runtime, allowing TURBO to maximize overall accuracy across network conditions and
driving environments. TURBO does this by extending the concept of utility curves [16, 130]
to capture the intra-application relative benefit of a particular allocations of bandwidth
across the AV system, and formulating an ILP over aggregated utility curves to select the
best set of allocations.

We evaluate TURBO by running it live on a car deployment on highway and neighbor-
hood streets, and through testing in simulation across hundreds of hours of real-world AV
traces collected by Waymo [117]. Our results show that when operating with SOTA open-
source models (Section 5) on a real-world AV dataset, TURBO improves average accuracy
by up to 15.6 percentage points (%pt) over executing on-vehicle only and 12.7 %pt over naive
bandwidth allocation methods (Section 6). Our real-world test drive shows our approach is
feasible to run even with cellular network conditions today.

2 Background

2.1 Anatomy of an Autonomous Vehicle

AVs capture information about their surroundings using sensors and process that sensor data
into control commands (i.e., steering, acceleration, and braking). Data processing must be
timely and accurate, presenting a critical challenge to the development of autonomous driv-
ing. The computation in an AV is typically structured as a pipeline where each component
performs a specific task (e.g., detecting nearby obstacles) [44, 126]. To ensure the timely
computation of control commands, pipelines execute under an end-to-end deadline [43] with
the potential to outperform human reaction times of 390 milliseconds to 1.2 seconds [138, 58].

To retrieve meaningful information from sensor data and enable intelligent decision-
making, AVs employ ML models. ML models are evaluated on on large, offline datasets [75,
39, 117, 15, 7] where key innovations often result in low single-digit, but statistically signifi-
cant, percentage point increases in accuracy [150, 146, 28, 80] that indicate new capabilities.
Because more accurate ML models are generally more compute-intensive [110, 145, 120],
constructing an AV pipeline requires careful consideration of the tradeoffs between accuracy
and response time.

NINeS 2026
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We identify that AV components are services because their tasks define concrete inter-
faces and their implementations select from a diverse set of potential models and algorithms.
We provide an overview of the key components of an AV pipeline, examine how each com-
ponent forms a service, and discuss the role of ML.

2.1.1 Sensors

AVs use high-fidelity sensors which span several modalities to observe their surroundings.
Cameras captures images from multiple perspectives. Lidars generate point clouds by using
a rotating array of laser beams to measure the distance to nearby obstacles. Radars mea-
sure the distance, direction, and velocity of nearby obstacles by emitting radio waves and
measuring their reflections. External Audio Receivers capture sounds to detect and localize
emergency vehicles sirens.

Taken together, AVs sensors capture a large amount of detailed information in order to
generate a 360° view of the vehicle’s environment which aims to be accurate at distances
up to 500 meters [56]. To increase fidelity and provide redundancy, AVs are equipped with
multiple instances of each sensor type. For example, Waymo’s 5th generation AV uses a long-
range camera to detect distant obstacles and peripheral cameras to reduce blind spots [131].
While sensor configurations vary, open-source driving datasets indicate that a single camera
may generate between 479 Mbps3 and 1.8 Gbps.4

2.1.2 Perception

To understand their surroundings, AVs use ML models to process sensor data into an ego-
centric map of nearby obstacles, driveable regions, and traffic annotations (e.g., signs, traffic
lights). Perception performs several different tasks such as object detection, object tracking,
and lane detection [44, 9] which form subservices that may process data from different
sensors. While there is a large range of perception models for autonomous driving which
process different sensor modalities, most of these models use convolutional neural networks
(CNNs) to extract features from images or lidar point clouds [61, 143, 121].

In this work, we examine how to allocate bandwidth across 2D object detection services,
where detection on each camera stream forms a distinct service. Object detection is a well-
studied perception task with a wide variety of open-source models [120, 17, 48, 12] and
performs the safety-critical task of identifying and locating nearby obstacles by processing
images from the AV’s cameras.

Object detection models generate labeled bounding boxes that identify the positions
and the classes (i.e., types) of objects in an image (Figure 2), and are evaluated using the
following metrics. Average Precision (AP) measures whether a model’s predicted bounding
boxes overlap with the true bounding boxes of the same class and penalizes the model for
false positives. Mean Average Precision (mAP) reports the average AP across all object
classes [111]. In this paper, we use mAP to describe the accuracy of object detection models
because it is the standard detection accuracy metric across datasets and leaderboards [117,
97].

3 Waymo provides 1920×1040 images sampled at 10 Hz [117].
4 The Argoverse dataset [7] uses 1920×1200 cameras recording at 33 Hz.
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2.1.3 Motion Prediction
Motion prediction uses ML models to anticipate the motion of nearby agents (e.g., pedestri-
ans, vehicles, bicyclists) by processing the outputs from perception. State-of-the-art predic-
tion models typically leverage compute-intensive neural networks such as Transformers [127]
to forecast the future positions of nearby agents based on patterns in their behaviors and
motion [103, 112, 34]; however, some pipelines use simple compute-efficient models such as
linear regression [44].

While there are several different metrics to evaluate motion prediction models, we likewise
use mAP as described in [132]. For motion prediction, mAP represents agents as bounding
boxes on a 2D top-down map, and uses the overlap between the predicted and true positions
to estimate the accuracy at a particular point in time. When reporting the mAP, this
accuracy is averaged across agent classes and time steps.

2.1.4 Remaining Components
AVs further rely on localization [5] to estimate the vehicle’s position, planning to generate
safe and reliable motion plans [62, 96, 52, 124, 82], and control to convert motion plans
into steering, acceleration, and braking commands [45]. While localization provides motion
prediction with access to high-fidelity maps, planning and control are downstream compo-
nents that rely on accurate results from perception and motion prediction to make driving
decisions.

2.2 Remote Interventions
AVs already rely on cellular networks for safety-critical decision-making for remote interven-
tions. When in an uncertain situation (e.g., construction zones), the AV contacts a remote
human operator for guidance [83, 123]. Using transmitted sensor feeds and annotated rep-
resentations of the AV’s surroundings, the operator makes informed decisions to help the
AV proceed e.g., by creating a route for the AV to follow or answering clarifying questions
posed by the AV.

3 Motivation

Highly accurate ML models are key to ensuring that AVs can make safe and reliable decisions.
These models enable processing huge volumes of sensor data into a detailed representation
of an AV’s surroundings, as well as understanding and forecasting the behaviors of nearby
human agents. However, technical and economic trends challenge the ability to deploy the
highest-accuracy models.

The scalable ML model architectures [110, 145, 80] (e.g., Transformers [127]) that un-
derpin state-of-the-art models for tasks pertinent to driving applications [71, 17, 90] have
also increased the computational resource requirements for inference by greatly increasing
the total number of model parameters. For this reason, ML practitioners develop families
of models with different tradeoffs between the number of parameters and the accuracy of a
model (Figure 2). For example, the EfficientDet family of object detection models [120] uses
a scalable convolutional neural network architecture [119] to develop 9 different models with
varying parameter counts and accuracies. The smallest model, EfficientDet-D0 contains
3.9M parameters, requires 2.5B floating point operations (FLOPs) to process a single image,
and achieves a mean average precision (mAP) of 34.3% on the COCO validation dataset [75].

NINeS 2026
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Figure 2: More accurate detectors provide a better understanding of the surroundings.
In this scene from the Waymo Open Dataset [117], EfficientDet-D1 (ED1 – center) detects the
two nearby vehicles but misses the pedestrian on the side of the road, resulting in a mean average
precision (mAP) of 25%. In contrast, highly accurate ED7x model (bottom) detects the pedestrian
and both nearby vehicles, but generates an incorrect bounding box for one of the distant vehicles,
resulting in an mAP of 75%.

0 50 100 150 200
Runtime [ms]

0.15

0.30

0.45

D
et

ec
tio

n
A

cc
ur

ac
y

[m
A

P]

D0

D1

D2

D4

D6
D7x

D0

D1

D2SLO

Cloud
On-Car

150 100 50 0
Available Data Transfer Time [ms]

Figure 3: Cloud accelerators can execute more accurate models with lower runtime than hardware
designed for autonomous driving, enabling AVs to increase accuracy while meeting stringent SLOs.

In contrast, the largest model, EfficientDet-D7x, contains 77M parameters, requires 410B
FLOPs to process a single image, and achieves a mAP of 54.4%.

Unfortunately, on-vehicle compute is limited by a variety of technical and economic
constraints. Prior work [74] shows AV compute can significantly degrade the driving range
of electric AVs due to the energy needed for computation and cooling, and recommends
that AV hardware must tolerate significant impulses and vibrations. Moreover, the cost
of deploying SOTA ML accelerators on AVs is prohibitive; an NVIDIA H100 GPU costs
$30k-40k in 2024 [115, 114], as much as a new Tesla Model 3 [13], and cost is already a key
factor in the design of AVs [56]. Along with spatial constraints, these limitations prevent
AVs from deploying powerful chips or scaling compute on-vehicle.

Therefore, AV manufacturers leverage cost-effective compute platforms such as NVIDIA’s
DRIVE Orin which powers autonomous driving for Volvo and SAIC [68], but performs over
10× fewer operations per second than the H100 [94, 92]. Due to these hardware limitations,
AVs lack the processing power to execute the most accurate models in real time. Thus, AV
developers must carefully navigate the tradeoffs between runtime and accuracy at design
time (e.g., by selecting appropriate models and using techniques such as quantization) to
ensure that AVs can make high-quality and safe driving decisions while providing rapid
response times [44, 43].

Prior work in robotics observes that the cloud model runtime is fast enough to enable
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running more-accurate models within-SLO, while continuing to run an on-vehicle model
as backup [106]. However, their work does not focus on the effect of limited bandwidth,
only accounting for network latency. As we show in (Section 6.1), ignoring bandwidth
limits accuracy improvement to under 2%, as model inputs are unable to reach the cloud
in time to finish model execution by the SLO. The focus of this paper is on the impact of
the network and specifically the role of intelligent bandwidth allocation on real-time edge
control system accuracy. We show that careful bandwidth allocation is crucial, unlocking up
to 6× higher accuracy improvement. In addition, we present a complete end-to-end system
implementation and evaluation.

4 Method

The goal of our method is to maximize benefit to the car’s safety by choosing which services
to run in the cloud. In order to do this, we must decide how much bandwidth to allocate
to each service based on currently available bandwidth and ping latency, then use these
settings to execute the best-performing model which satisfies the service-level objectives
(SLOs). To achieve this, we turn to the idea of “utility” as introduced in previous work [16],
which defined utility as the incremental benefit an application gets from an additional unit
of bandwidth, and observed that real-world applications may have highly-variable utility for
each incremental unit of bandwidth.

We observe that the compound AI system structure [107] of the AV control pipeline
introduced in Section 2 decomposes cleanly into individual services that have their own
distinct “utility curves” mapping bandwidth allocation to overall control accuracy impact.
Thus our method has two parts; first, at system design time, we compute the utility of each
available model as a function of allocated bandwidth (Section 4.1), then compose the utility
functions of all available models to generate the utility functions of each service (Section 4.2).
Second, at runtime, using these utility functions, we formulate and solve an Integer Linear
Program (ILP) to find the optimal bandwidth allocations for the ping latency and amount of
bandwidth available (Section 4.4) that maximizes the application-level utility (Section 4.3).
We describe each part below.

4.1 Model-Level Utility
A model’s utility must take into account the model’s performance on its task (i.e., accuracy)
as well as whether the model meets its SLO (i.e., latency). Given a model m with accuracy
Am which must execute within a latency SLO tSLO, we design the utility as a unit step
function which provides a utility of Am if tSLO is met. If tSLO is missed, we return a utility
of 0 because AVs must make decisions in real-time and late results provide no value. We
observe that allocated bandwidth b and round-trip time (RTT) tRTT affect the observed
runtime of a model T (b, tRTT), leading to the utility function:

Um(b) =

{
Am T (b, tRTT) ≤ tSLO

0 T (b, tRTT) > tSLO
(1)

Because on-vehicle models are configured to meet latency SLOs and are unaffected by
network transfer times, the utility curves of on-vehicle models simplify to:

Uon-vehicle model(b) = Aon-vehicle model (2)

NINeS 2026
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In contrast, the runtime of models executing on remote resources depends on the allo-
cated bandwidth, the characteristics of the model, and the network conditions. Given model
input size Sinput, round trip time tRTT, and execution time texec, the total runtime of the
model is:

Tremote model(b, tRTT) = texec + tRTT + Sinput

b
(3)

This produces the following utility curve which is a step function from 0 to Aremote model
where the step occurs at bc when T (bc, tRTT) = tSLO:

Uremote model(b) =

{
Aremote model texec + tRTT + Sinput

b ≤ tSLO

0 otherwise
(4)

bc = Sinput

tSLO − texec − tRTT
(5)

A key consequence of the step-utility function is that bc is the minimal amount of band-
width to run a remote model which is optimal when bandwidth is scarce. Bandwidth allo-
cations greater than bc provide the same utility of Am as a bandwidth allocation of exactly
bc; consequentially, any excess bandwidth is wasted. Moreover, any bandwidth allocation
less than bc has a utility of 0, so bandwidth allocations 0 < b < bc are also wasted.

We also observe that more accurate models typically have larger inputs Sinput and longer
execution times texec. Consequently, more accurate models typically require larger band-
width allocations b and are less tolerant of large round trip times tRTT compared to their
less accurate counterparts.

4.2 Service-Level Utility
A service consists of a specific task, such as detecting obstacles on a particular camera stream,
as well as several models that can perform that task with different parameters and resource
requirements. The service typically runs on-vehicle the best model that on-vehicle resources
allow, and additional models can execute remotely on cloud-based hardware. To ensure
that the service tolerates sudden disconnections and reductions in bandwidth, the service
always executes the on-vehicle model as suggested in [106]. In this way, we guarantee that
the service will always provide a utility of at least Alocal model, ensuring that our
approach of attempting to use remote models is strictly better than using only local models.

We define the “utility function” of a service s as the amount of control-application utility
gained by granting a certain amount of bandwidth b to the service.

To ensure the service selects the most accurate model that satisfies the SLO, we define
the service-level utility as the maximum utility among all of the service’s models M:

Us(b) = max
m∈M

Um(b) (6)

By applying the model utility function defined by Equation (1), we find that Us(b) equals
the utility of the most accurate model that can satisfy its SLO with the provided bandwidth.

We show an example of the construction of a service-level utility curve for a single object
detection service which processes a video stream using a small EfficientDet D1 (ED1) model
available on the car and two larger models, ED3 and ED5, available in the cloud, shown in
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Figure 4: Utility curves for a service with 3 object detection models.

Figure 4. Because more accurate models require more bandwidth to meet their SLOs, the
shape of Us(b) is a series of steps which occur wherever the service has sufficient bandwidth
to transition to a more accurate model. Thus, the optimal bandwidth allocation for a service
is the selected model’s optimal bandwidth bc, or 0 if running a local model, and any excess
bandwidth is wasted.

Under our definition, each service executes at most 1 remote model5. Therefore, setting a
bandwidth allocation for a service effectively selects which model (or none) to run remotely.

4.3 Application-Level Utility
To achieve optimal performance on application level goals (e.g., safety for autonomous driv-
ing), we must coordinate bandwidth allocation across services. The key challenge lies in
the fact that the relationship between service-level utility and AV control system quality
is not always well-defined and may vary across different services; that is, overall service
performance is not necessarily the average accuracy across all services, but rather the safety
of the final end-result of how the car moves.

For example, detecting obstacles observed by the AV’s front camera is typically more
important than detecting obstacles from the AV’s side camera. Complicating the matter, the
performance of one service may impact the performance of another given the DAG structure
of compound AI systems, e.g., motion prediction relies on an accurate history of the motion
of nearby obstacles, and the accuracy of this history is impacted by the detection accuracy.

5 It may also be possible to run multiple cloud models and return results from each as they become
available using the best results returned before the SLO, however this may become computationally
cost prohibitive; we do not consider such a design here.

NINeS 2026
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We propose a general framework which derives an overall application-level utility by
combining the utility functions of a set of services S:

Uapp(b) = max
bs:s∈S

∑
s∈S

fs

(
Us(bs)

)
:

∑
bs:s∈S

bs ≤ b (7)

We account for differences in the impact of each service’s utility on the application-level
utility by transforming the service-level utility with fs : R → R. For example, setting
fs(x) = ax+b can re-weight service-level utilities to prioritize more important services. The
fs transformation may also be used to normalize the utilities of different services so that
they exist in the same range and can be more easily compared (e.g., by incorporating a
sigmoid function to convert Us : R+ → R to fs ◦ Us : R → [0, 1]. We emphasize that fs

should be chosen carefully, and evaluated or even learned using real-world data or highly
realistic simulations to ensure that Uapp reflects the application’s goals.

4.4 Runtime Bandwidth Allocation
Our goal at runtime is to decide which models to run in the cloud and thus which input
data to transfer to the cloud with the limited bandwidth available. In order to do this, we
collect periodic estimates of available bandwidth and RTT using standard methods [32, 36].

We formulate the bandwidth allocation decision as a utility maximization problem, given
the available bandwidth, RTT, and the utility functions for the models (Section 4.1), services
(Section 4.2), and application (Section 4.3). Our formulation is an Integer Linear Program
(ILP) that maximizes the utility of the overall application, and leverages the fact that the
utility functions of models and services are step functions directly select which configurations
of cloud models to run.

Let |S| be the number of services, and note that steps of the utility function for each
service s ∈ S can be defined by the accuracy as,m and the location of the step bc,s,m for
each model configuration m ∈ Ms in the service.

We define binary decision variables:

xs,m =

{
1 if model m of service s is selected,

0 otherwise.
(8)

Objective Function: Maximize the total utility across all services:

max
x

∑
s∈S

∑
m∈Ms

xs,m · as,m (9)

Constraints: Ensure that cumulative bandwidth allocated is below the available total, and
that only one or zero cloud-based model configurations are selected.

Bandwidth Constraint: The total allocated bandwidth across all services must not exceed
the available bandwidth:∑

s∈S

∑
m∈Ms

xs,m · bc,s,m ≤ B (10)

where bc,s,m is the bandwidth at which the step of the utility function for model m of service
s occurs.
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One Cloud Model per Service Constraint: Each service must be allocated one model
configuration:

∑
m∈Ms

xs,m = 1 for each s ∈ S (11)

Binary Constraint: The decision variables are binary:

xm,s ∈ {0, 1} for all m ∈ Ms, s ∈ S (12)

The objective function maximizes the sum of utilities across all selected intervals. The
bandwidth constraint in Equation (10) ensures that the total allocated bandwidth does not
exceed the available bandwidth. The one model per service constraint in Equation (11)
enforces that each service selects one model configuration, which indicates that the solver
should not consider solutions that run multiple models for a service in the cloud and waste
bandwidth. The decision variables are constrained to be binary, reflecting the discrete nature
of the utility allocation.

This ILP formulation directly selects which models configurations to run for the cloud
across a set of services while maximizing the overall utility to the application. Consequen-
tially, solving the ILP also generates bandwidth allocations for each service that are defined
by the step bc of the selected models’ utility functions. In Section 5, we apply this method
to derive utility functions using state-of-the-art models, and evaluate its ability to boost the
accuracy of autonomous driving services in Section 6.

5 Design and Implementation

We design and implement the method described as a standalone control module. To evaluate
its efficacy in a real-world environment, we additionally design and implement a edge-cloud
offload control system runtime, which we evaluate in Section 6.2. We describe the design
for the module and the wider system in turn below.

5.1 Resource Model

We model the AV as a resource-constrained edge device with an NVIDIA Jetson Orin com-
pute system because it uses the same chip as the NVIDIA DRIVE Orin [93] which powers
autonomous driving for vehicles from Volvo and SAIC [68]. We assume that the AV has
sufficient compute resources to run a pipelined AV software stack using resource-efficient
ML models on-vehicle that meet a minimum accuracy level and runtime SLO. We view the
cloud as a resource-rich compute environment which can immediately process incoming data
with more accurate ML models. For cloud hardware, we assume that models execute on
an NVIDIA H100 GPU from a RunPod 1×H100 PCIe instance with 176 GB RAM and 16
vCPUs. While there is significant work on serving systems for ML models, many take ad-
vantage of economies of scale and batching to improve efficiency [23, 104, 46]. We consider
these systems to be complementary to our work as they improve resource utilization and
reduce costs when serving models at scale.
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Model
Input Preprocessing [ms] Inference [ms]
[Mb] Orin H100 Orin H100

ED1 9.8 18 11 118 21
ED2 14.2 20 12 166 23
ED4 25.2 25 15 523 30
ED6 39.3 37 18 1350 54
ED7x 56.6 43 25 2320 91

Table 1: EfficientDet models. Preprocessing measures the runtime of resizing and preparing the
image on CPU. Inference includes transferring pre-processed data to GPU and running the model.

5.2 Tasks

5.2.1 Object Detection
We first examine how object detection, a representative computer vision task, can benefit
from cloud computing. Object detection is a well-studied task with a wide range of open-
source models [12, 102, 120, 17] and datasets [26, 75, 117, 39, 144] and uses model design
patterns (e.g., convolutional neural networks) which are common in other perception tasks
including semantic segmentation and 3D object detection. Our object detection SLO is 150
ms6 which is similar to the perception runtimes of existing systems [43, 6].
Models. We study the EfficientDet family of models [120] because they provide a large
trade-off space between latency, accuracy, and resource requirements (Table 1). We select
EfficientDet-D1 (ED1) as our on-vehicle model because ED1 is the most accurate model
that can meet the SLO using on-vehicle hardware (Figure 3). Our cloud models are ED2,
ED4, ED6, and ED7x, which are increasingly accurate and resource-intensive and are all
unable to meet the SLO using on-vehicle hardware. EfficientDet models include a lightweight
on-CPU preprocessing step to resize and prepare images for the deep neural network (DNN)
running on the GPU. We exploit this preprocessing step as well as compression on images and
the along to generate the following configurations for EfficientDet inference with different
tradeoffs between runtime, accuracy, and the amount of data to transfer (Figure 5):
1. Cloud preprocessing transfers the original image to the cloud for preprocessing and neural

network execution. This configuration shifts all processing to the cloud, resulting in the
fastest runtime but the largest data transfer size.

2. On-vehicle preprocessing preprocesses the image on-vehicle and transfers the smaller
inputs to the cloud. This configuration trades slower on-vehicle preprocessing for smaller
data transfer.

3. Image compression compresses the original image using lossless PNG or lossy JPEG com-
pression and transmits the compressed image to the cloud, where it is then decompressed.
This configuration further reduces the amount of data transferred at the cost of higher
runtimes due to compression and decompression.

4. DNN input compression preprocesses the image on-vehicle and similarly applies lossless
PNG or lossy JPEG compression to the preprocessed model inputs which are then trans-
mitted to the cloud. This configuration has the largest reduction in data size but the

6 Object detection models may meet tighter SLOs with model compilers, specialized runtimes, and model
compression techniques. We emphasize that our goal is to examine a representative task for perception
with a representative SLO in which cloud computing permits the execution of more accurate and
resource-intensive models.
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Figure 5: We consider 35 model configurations with different tradeoffs in runtime, accuracy, and
data transfer size: ED1 runs on-vehicle while ED2, ED4, ED6, and ED7x execute in the cloud. We
generate additional configurations by applying lossless PNG and lossy JPEG compression to either
the original image or the pre-processed model inputs. Our JPEG quality factors are 95, 90, 75, and
50. We find that compression significantly reduces the amount of data to transfer at the cost of
increased runtime and reduced accuracy.

slowest (local) runtime.

Dataset. To train and evaluate detection models, we use the Waymo Open Dataset (WOD)
v2.0.0 [117] which consists 6.4 hours of driving organized into 1150 scenes of 20 seconds
sampled at 10 Hz and contains 9.9 million annotated bounding boxes. The WOD provides
5 camera perspectives which we view as distinct tasks. The front, front-left, and front-right
cameras generate images at resolution of 1920 × 1280, while images from the side and rear
cameras are 1920×886, resulting in uncompressed data sizes of 59 Mb and 41 Mb respectively.
The P99 number of ground truth bounding boxes per image is 62, translating into an output
size of 7.9 Kb.7

Training. We partition the scenes from the WOD v2.0.0 [117] into training (68%), validation
(12%), and test (20%) sets. To adapt the models to the dataset, we modify their classification
heads to recognize five classes of objects: vehicles, pedestrians, cyclists, signs, and other. We
initialized the models with pre-trained weights from the COCO dataset [75] provided by [137],
and fine-tune on the WOD dataset for 10 epochs8.

5.3 Motion Prediction

Motion prediction is a critical autonomous driving task which estimates the future positions
of nearby agents (e.g., vehicles, pedestrians, and cyclists). Motion prediction is an active
area of research with a variety of approaches using different neural network architectures. We
select an SLO of 250 ms for motion prediction based on the reported runtimes of open-source
AV implementations [43, 6]. While the motion prediction models take both high-definition
(HD) maps and historical agent trajectories as inputs, we only transmit agent information
as maps can be pre-computed and stored in the cloud.

7 Each bounding box comprises four 32-bit floating point numbers for the minimum and maximum x and
y values, and an 8-bit integer for the class.

8 We fine-tune ED7x for only 8 epochs due to the high cost of training.
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Models. For the cloud model, we use Motion Transformer [112], a state-of-the-art model
that employs a Transformer architecture to forecast trajectories and ranks first on the 2022
Waymo Open Motion Dataset9 [33] (WOMD) leaderboard. For on-vehicle predictions, we
select MotionCNN [64], a lightweight model that ranked third on the 2021 WOMD leader-
board. MotionCNN represents trajectories and surroundings as a fixed resolution image and
uses a convolutional neural network to predict future paths.
Dataset. To train and evaluate the motion prediction models, we use WOMD v1.2.1 which
contains over 100k scenes of 20 seconds sampled at 10 Hz split into a training (70%), vali-
dation (15%), and test (15%) sets. The WOMD includes 3D bounding boxes for each agent
and map data (e.g., lanes, signs, crosswalks) for each scene. Models must predict the posi-
tions of selected agents at three, five, and eight seconds in the future using an HD map and
a one second trajectory history of each nearby agent. Thus, the Motion Transformer model
running in the cloud has a P99 input size of 146 Kb and a P99 output size of 246 Kb.
Training. We modify the open-source implementations of Motion Transformer and Motion-
CNN for compatibility with WOMD v1.2.1, and follow the published training procedures.
Our trained models report a validation accuracy of 0.22 mAP for MotionCNN and 0.40 for
Motion Transformer.

5.4 Utility Functions

We follow Section 4.1 to design utility functions for each model configuration. Our SLOs are
150 ms for object detection and 250 ms for motion prediction. We profile each cloud model
using the Jetson Orin for pre-processing and compression and the H100 for pre-processing,
inference, and post-processing and compute texec using the P99 values. We also measure
the amount of data to transfer across the network for each inference iteration and likewise
set Sinput to the P99 value. While images and pre-processed EfficientDet model inputs have
constant sizes, their compressed sizes vary (Figure 5). Likewise, the Motion Transformer’s
input size varies with the number of agents in the scene10. Based on these profiles, we use
Equation (5) to calculate the bandwidth at which the step occurs bc which, along with the
accuracy, characterizes the model configuration’s utility function.

To calculate the service-level utility, we include all cloud models as well as the on-vehicle
model. Because the on-vehicle model does not transmit data, it provides a floor to the
performance of the service. We further set fs(u) = u when calculating the application-level
utility. Therefore, the application-level utility equals the average accuracy across all services.

5.5 Control Module Implementation

We model our ILP in Python using PuLP [105] using the measured accuracy, runtime,
and data transfer requirements measured in Section 5.2 in conjunction with the RTT and
available bandwidth according to Section 4.4. We use the CBC solver [38] to solve the
ILP which selects the cloud model configurations the object detection and motion planning
services.

9 Waymo’s Open Dataset and and Open Motion Dataset are distinct
10 We only transmit agent information because map data can be pre-computed and stored.



P. Schafhalter and A. Krentsel et al. 18:15

Figure 6: A high-level overview of the system implementation.

5.6 Edge-Cloud Offload Runtime Implementation
We demonstrate the real-world feasibility of AV bandwidth allocation by providing an end-
to-end system implementation involving real-time network monitoring, edge cloud offloading,
bandwidth allocation/multiplexing, and live camera feed ingestion. We design our system
around the following tenets: to 1) minimize the latency incurred throughout the system;
2) ensure that a local on-car inference result is always available as a fallback if an offload
request to the edge-cloud times out of the runtime SLO; and, 3) ensure that the bandwidth
control module uses real-time monitors of network RTT and bandwidth conditions.

At a high level, our system implementation (Figure 6) consists of two main parts: an on-
vehicle client and the cloud server. The on-vehicle portion consists of a collection of on-car
sensors (e.g. cameras); a main client process that performs preprocessing and compression
on the read camera images and writes them to the network queue process; a network queue
manager that transmits images, receives cloud responses, enforces bandwidth constraints via
queuing for each of the control services, and monitors network CWND and RTT conditions;
and, a bandwidth allocator that runs our ILP optimization formulation based on the moni-
tored network conditions. The cloud server portion consists of a network server process that
receives and transmits from the on-vehicle network process, and PyTorch processes that run
preprocessing (if necessary) and inference on received camera images. The system totals
1570 lines of Rust, and 3052 lines of Python.

For the network process that manages transfers between the on-vehicle and server por-
tions of the system, we elect to use s2n-quic, a highly-optimized industry implementation
of the QUIC protocol [109]. We choose to use a QUIC implementation as our transport
medium because the QUIC protocol [55] has two main features essential in our application:
it (1) supports concurrent traffic streams on the same QUIC connection without head-of-
line blocking, and (2) provides key live metrics about network conditions such as the RTT
and CWND, which are necessary inputs to our bandwidth allocator control module. These
features are enabled by QUIC running directly over UDP and bypassing the OS TCP stack,
allowing for greater transparency about network conditions and fine grained control over
traffic streams.

6 Evaluation

We seek to answer two key questions about our design; (1) how much benefit in accuracy
does the AV receive from using TURBO and how is this accuracy impacted by the specific
design choices we make, and (2) is our approach technically and economically feasible?

We evaluate in two stages. First, in Section 6.1 we explore our system performance on
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Figure 7: Average accuracy across services for TURBO compared to baselines of varying naivete
as bandwidth increases. We assume an RTT of 20ms, object detection SLOs of 150ms, and motion
planning SLO of 250ms, averaging performance across all scenarios.

a range of network conditions in simulation using thousands of real-world production AV
traces from the Waymo Open Dataset [117] described in Section 5.2. As the scenarios are
pre-recorded real-world data, we cannot modify the car’s action during its drive, or detect
a change in frequency of “disengagements” [95] or crashes [134, 122] as reported in safety
cards by real-world AV fleet operators. However, we are able to quantify exactly how much
service accuracy increases on the real-world sensor data, which leads directly to improved
environment perception and thus more faithful planning. We show in Section 3 examples
from the Waymo dataset where better models are able to detect a mid-distance pedestrian
that the on-car model simply misses. Second, in Section 6.2 we outfit a car with cameras, a
mobile hotspot, a local server, and a cloud-hosted server, and run TURBO during a testdrive,
reporting the system’s real-world performance.

In all settings, we select the identity function fs(x) = x as our “re-weighting function”
for all services (Section 4.3) i.e., maximizing average accuracy across services, however we
note that alternative prioritization policies are possible.

6.1 Simulation Performance
Our simulation control pipeline contains six services (as described in Section 5.2); five detec-
tion services running for each of the five camera views available in the dataset, as well as the
motion prediction service.11 We evaluate on-car and cloud performance on the hardware re-
ported in Section 5.1, measuring the pre-processing, compression, decompression, and model
runtime for each model configuration on both the car and cloud hardware, then constructing
the end-to-end runtime of each selected configuration across car and cloud.
TURBO Accuracy vs. Baselines. Figure 7 presents our method’s performance compared
to three tiers of baselines (B) of varying naivete as we vary the available network bandwidth,
with a fixed RTT of 20ms (per [88] measured for a server within 500km). B0 shows accuracy

11 Motion planning depends on results of object detection; in this work, we assume pipelined execution of
the AV control program [44, 126, 8], thus bundle motion planning using the results of earlier perception
along with perception on newly collected data. While it is conceivable to optimize further by moving
multiple sequential dependencies to the cloud to avoid round-trips to the car, it is out of scope for our
work; we leave such an investigation to future work.
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when running only on the car as is standard today, using the highest-accuracy model for
each service that can run within the service SLO (ED1 for obj. detect per camera, a
CNN-based model for motion planning). B1 shows the accuracy resulting from offering one
cloud model for each service (ED4 for obj. detect per camera, a transformer-based model
for motion planning) in addition to the on-car models running as backup, as proposed in
prior work [106]. Finally, B2 applies object detection input preprocessing and compression
(ED4 with preprocessing on-car, and compressed JPEG at 90% quality) on the car before
transferring over the network, still without special consideration to bandwidth allocation
across services.

TURBO (solid blue) improves on these baselines by up to 15.6%pt by being bandwidth
and utility-aware; this allows us to both allocate bandwidth optimally, and select the right
preprocessing and compression to run for our model choice, based on the available bandwidth.
We observe that in B1, after the initial bump due to the small-input-size motion planning
service being able to move to the cloud, there is no benefit to any of the camera services
until well over 2Gbps (not shown) as without special attention to bandwidth allocation as
we propose, bandwidth is split equally amongst the services by TCP [21]. B2 simply shifts
this big step up earlier without fixing the underlying issue, and still provides only a single
“step” point. In contrast, TURBO is able to quickly allocate bandwidth to the services that
see the largest benefit (such as motion planning, corresponding to the jump at the left of the
graph, as its inputs are relatively small and accuracy gains relatively big per Section 5.3),
then continually allocate bandwidth as necessary to achieve maximal accuracy.
Factor Analysis TURBO makes three key design ideas to get its improved performance:
(D1) adding multiple models to select from based on the available bandwidth, (D2) formu-
lating that selection as a utility maximization ILP, and (D3) dynamically applying one of
a range of different compression configurations. Figure 8 shows the relative contribution of
each.

TURBO’s gains are attributed to the synthesis of the three; providing multiple cloud
models of varying sizes per service allows services an earlier feasible step up to better models
(980Mbps in Figure 8), however that happens in lock-step as bandwidth is shared equally
across services by default. TURBO’s ILP utility maximization formulation for bandwidth
allocation allows individual services to "upgrade" cloud models in an order that it optimal
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for the AV’s overall utility. Finally, adding compression provides many more opportuni-
ties at much lower bandwidths to step up to better cloud models, which provides the ILP
formulation with many more points on which to optimize, as shown in Figure 9.
Varying Network Conditions TURBO provides variable benefit based on the network
conditions available. Figure 1 shows the mean increase in accuracy across all scenarios for
a range of bandwidth and RTT network conditions. While higher bandwidth and lower
latency always provides more benefit, we see up to 10%pt higher accuracy with as little
as 150Mbps with RTTs of 20ms, well within the experienced operating ranges provided by
5G [54, 88, 41].

6.1.1 Dynamic Utility
In performing our analysis, we observed that a model’s true accuracy can vary quite widely
across frames, and further that these distributions vary greatly across services and camera
angles (Figure 10). To this end, we explored adapting our method using dynamic utility
curves rather than using the average accuracy calculated from an offline dataset. Our dy-
namic utility curves are derived from a recent group of recent frames in order to adapt to
the current driving environment. We evaluate four different policies for generating dynamic
utility curves with varying degrees of freshness:

1. Global Static: static utility curves derived from average accuracy across all frames of
all scenarios, used above.

2. Scenario Static: utility curves static to each scenario in the dataset, derived from the
average accuracy across all frames of the particular scenario.

3. N-Windowed: utility curve computed from the Nth frame of each scenario, used for
the next N − 1 frames. We experiment with N = 10, 20, 30, 50.

4. Per-Frame Oracle: optimal ground-truth utility curve for each frame for each scenario,
using the actual accuracy of each model on that frame.

Figure 11 shows the distribution of accuracy improvement over using on-car only mod-
els. The Per-Frame Oracle policy serves as a performance upper-bound, showing the best-
possible accuracies one could achieve with full information: an upper bound of +11.30%pt
median improvement over the on-vehicle models and +1.84%pt over the global static policy.

However, recomputing utility curves for every frame is not practical. A more practical dy-
namic policy such as the windowed N=20 policy, provides a 10.51%pt median improvement
over the on-vehicle models and +1.05%pt over global static. Thus, we conclude that dynam-
ically adjusting utility provides a small but meaningful increase in accuracy over our static
policy, indicating that AVs can benefit from adjusting bandwidth allocations to account for
changes in model accuracy when driving in different environments.
Accurate estimation of ground truth. While the “global static” curve can be computed
on a large collection of previously collected data, dynamic curves require some way of esti-
mating model accuracy in a given environment and window. Finding methods for doing so
accurately is an open problem [108], and thus beyond scope of the work. We observe that
our requirement is weaker and that we can simply determine relative accuracy difference
between the models. To this end, we propose one way may be to periodically upload high-
resolution images on spare bandwidth to run the best model and all models, and estimate
relative accuracy by the magnitude of difference from a state-of-the-art model. Evaluating
strategies for relative accuracy estimation is out of scope for this work. For our system
implementation and real-world performance testing, we used the pre-computed global static
policy.
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Figure 12: Experimental vehicle setup.

6.2 Real-World Performance
We run TURBO on an actual vehicle under real-world operating conditions, aiming to
answer (1) what are TURBO’s performance characteristics in the face of fluctuating network
conditions and (2) how well actual accuracy benefit matches the system’s expected benefit?
Experiment Setup. We outfitted our test car, a 2024 Ford Explorer, with the following
hardware (shown in Figure 12); 3x Logitech Brio 4k webcams capturing front, right, and left
videos streams; a consumer-grade NETGEAR NightHawk M6 Pro Mobile Hotspot with a
T-Mobile SIM card; an omnidirectional window-mounted MIMO cellular antenna; an ROG
Zephyrus G14 laptop with 8-core 4GHz processor and an NVIDIA GeForce RTX 4060 GPU,
with direct ethernet connection to the hotspot; a 300W car plug power inverter to power
the laptop and hotspot. For our remote server, we reserved an H100 GPU on Google Cloud;
as nearby GPUs were unavailable at the time of our experiment, we reserved the closest
available GPU 600 miles away.

We drove for 2 hours in a medium-sized metropolitan area in the United States, alter-
nating between freeways and neighborhoods. Our car control system was responsible for
ingesting and processing the data streams coming from the 3 cameras, running object de-
tection models from the EfficientDet family we evaluated in the previous section, with the
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Figure 13: Production runs. We deploy TURBO on a 5G-connected vehicle and measure its
efficacy across three object detection services for the front, left, and right cameras. We find that
TURBO effectively allocates the available bandwidth to its services (Figure 13a) to increase the
overall accuracy averaged across all services (Figure 13b). The trace of a single service (Figure 13c)
confirms that network latency is a key bottleneck and that our implementation adds minimal over-
head.

same 150ms SLO we use in simulation. Notably, we did not allow our control system to
touch any car controls for safety reasons the car was always fully driven by the authors,
with the control system responsible for collecting and processing input as the perception
control stage.
Real-world utility from TURBO. Figure 13a shows a 30-second view of TURBO’s al-
locations to each camera during a period of good network availability. During the wider
5-minute period surrounding this view, we saw 88% of requests successfully returned, en-
abling the front camera to upgrade its model 76% of the time, the left camera 86%, and
the right camera 0%.12 Across the three services, this translated to an absolute average
increase of 4.1% pointers of accuracy. We consume a total of 105.6 MB of data over this
window. Figure 13b shows TURBO’s predicted average accuracy, vs the actual accuracy
when factoring in missed SLOs causing fallback to on-car models.

Overall, we find our system successfully dynamically adapts to network conditions to
make best use of network conditions, resulting in successful cloud offloads when network
conditions allow. In times when cellular connectivity was poor, TURBO successfully main-
tained control pipeline integrity in the face of degraded network conditions, always proceed-
ing with the control pipeline within SLO using local results when network connectivity was
unreliable.
System microbenchmarks. We show a breakdown of the time spent in each component
of our system (Section 5.6) from the perspective of a single service in Figure 13c. We find
that our implementation provides minimal overhead and spends only 2.3 ms on serialization.
In this trace, the propagation delay (RTT) of 58.9 ms is the largest source of latency, which
may be caused by congestion on the 5G network and the large distance to our server. In
contrast, the low transmission delay (5.6 ms upload, 0.4 ms download) is explained by the
small size of the compressed image (19 KB).

We additionally profiled the runtime of our bandwidth allocation module, which we
configured to run every 500ms as we updated our network measurements. We found the

12 We note that under constrained bandwidth conditions, our method prioritized upgrading the left and
front cameras over the right because the right camera sees fewer cars (due to driving on the right), so
benefits less from better models. This is captured implicitly in the utility curves we derived offline.
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mean runtime of our optimization formulation running on the on-vehicle compute to be
14ms, with a standard deviation of 1ms and a maximum of 23ms. Thus, the computational
overhead of solving the ILP is minimal, rather the bottleneck is the frequency of measuring
network conditions.
Network performance. In our run, we experienced worse network performance than
expected: bandwidth conditions ranged from 0.80 Mbps (5th pct) to 55.86 Mbps (95th
pct), and RTTs were high, starting at 60ms at the 5th pct and going up to hundreds
of ms at the 95th pct. We suspect issues with the antenna for our setup, as literature
reports considerably higher network performance: 5G deployments target a minimum (5th-
percentile) user-experienced bandwidth of 50 Mbps for uplink and 100 Mbps for downlink [54],
and prior work shows moving vehicle 5G network conditions to be expected at 80 Mbit/s
(25th pct) to 160 Mbit/s (75th pct) for uplink bandwidth, and 12ms (25th pct) to 18ms
(75th pct) for base station RTT ping latency [42, 100].
Cost. For our test-drive, we purchased an unlimited plan from a carrier with a monthly
high-speed usage cap at 50GB. Our test run did not exceed this cap, however a continuous
real-world deployment would need to purchase more data to run continuously throughout
the month. In Appendix A.1, we estimate our total hourly cost of remote resources at
$5.27, with $2.78 from the network (at the 10th global percentile) and $2.49 from compute
for an H100. We emphasize that the true cost of cloud compute is likely lower due to
better efficiency when operating at scale. Our method is tunable for cost-sensitive markets:
operators can tune their utility curves to take into account cost-benefit, e.g., by executing
on cheaper GPUs and selectively using cloud models in challenging environments.

7 Discussion

Limitations. Our design does not consider scheduling the order of messages, i.e., delaying
transmission for one service to make more bandwidth available for another service. Likewise,
we do not consider executing consecutive tasks in the cloud without returning back to the
car which could further reduce data transmission. We focus on offloading parallelizable
tasks, and leave scheduling extensions (e.g., exploiting task dependencies) to future work.
TURBO relies on 5G coverage for fast network bandwidths and low round-trip times. While
5G coverage is expanding, it is not available in every region [31]. Finally, TURBO requires
the AV operator to configure fs (Section 4.3) to ensure that the ILP maximizes the end-
to-end performance of the AV system, as maximizing average accuracy across all services
may result in maximal safety. We believe that configurations of fs may be discovered using
simulations and machine learning, and leave this area to future work.
Implications for AV design. Our results suggest that using cloud resources to run more
accurate models can significantly improve accuracy, enabling AVs to make better-informed,
high quality decisions which benefit safety. Beyond safety events, cloud models can reduce
the frequency of remote interventions [123] by improving the AV’s understanding of its
surroundings. Fewer interventions improves the experience for riders, reduces the cost of
operating AVs, and is an important metric tracked by government officials in assessing AV
system safety [95].

At the same time, we note that adopting the cloud raises new concerns; the cellular
connection is elevated to a more important role, which increases the need for security in the
AV system as well as improvements to the performance, reliability, and availability of the
cellular connection.
Implications for Mobile Network Stakeholders. If AVs integrate cloud computing, the
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demand for cellular network resources will increase massively. In 2022, 283 million vehicles
were registered in the United States [1] alone out of an estimated 1.5 billion vehicles in use
worldwide [30]. If only a fraction of these vehicles use the cloud to enhance autonomous ca-
pabilities, mobile networks networks must support millions of new users with long-running,
data-intensive streaming workloads. Moreover, AVs demand better uplink bandwidth and
lower round-trip latencies. A key bottleneck to RTT is the hop from the 5G base station
to the cellular core network, which accounts for most of the RTT according to [140]. Con-
sequently, cellular network operators will need to prioritize performance improvements and
potentially provide network guarantees for AVs and other safety-critical connected systems.
Applications beyond AVs. We believe that the benefits of using cloud hardware in
real-time to boost accuracy has far-reaching applications. Beyond AVs, TURBO can benefit
vehicles with limited autonomy, such as hands-free highway driving or self-parking. Similarly,
autonomous drones use ML to process sensor data in real time. Drones exhibit even more
stringent constraints on compute due to weight restrictions, making access to cloud resources
an attractive option. Robotics [19], security systems, and vision-language models are other
applications which benefit from real-time access to cloud resources to benefit accuracy.

8 Related Works

Autonomous driving with remote resources. Several works propose designs for decen-
tralized systems which build on Vehicle-to-Vehicle (V2V) or Vehicle-to-Infrastructure (V2X)
communication patterns to harness additional compute resources [78, 25, 118, 116], share
data [67, 149, 98], or develop collaborative algorithms [20, 129, 91, 76]. While such ap-
proaches can improve the accuracy of AV services, prior works do not study accuracy-aware
bandwidth allocation decisions under fluctuating network conditions. One prior work [106]
shows that runtimes of AV-specific models in the cloud are sufficiently faster than on typical
on-car compute to make room for cellular ping latencies, enabling net quicker car reaction
times. However, this work does not account for bandwidth-induced delay, only measuring
ping RTTs for the network delay. We show in Section 6.1 that naively including bandwidth-
induced delay negates any cloud benefit.
Edge-cloud inference. How to partition a single neural network between mobile devices
and datacenters is an active area of research [60, 99, 148]. While existing approaches reduce
inference latency and energy consumption, they do not apply to real-time settings with
multiple services and multiple potential model configurations. In the cloud, model serving
systems [23, 104, 46] are designed to serve many different model configurations while meeting
statistical SLOs, which is complementary to our work. Because these systems are deployed
in datacenters, they do not consider bandwidth a key resource under contention which needs
to be managed.
Reconfigurable video analytics systems. Several systems reconfigure the ML inference
pipeline to react to changes in the input content [147, 141, 142, 57, 79] and to maximize
real-time accuracy metrics [72, 108]. Video analytics systems like Reducto [73] and DDS [29]
maintain high accuracy while reducing edge-cloud network traffic, but do not address con-
tention for bandwidth. Ekya [11] and NoScope [59] use online learning to further improve
the accuracy of video analytics. JCAB [128] proposes a similar joint optimization problem
to allocate bandwidth across multiple video streams and maximize overall accuracy. In
contrast to TURBO, JCAB targets real-time analytics instead of real-time safety-critical
control. As such, JCAB targets a long-term average latency SLO, does not factor in RTT,
and varies frame rates to trade-off accuracy and bandwidth instead of compression.
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Bandwidth allocation algorithms. The problem of utility-aware bandwidth allocation
has been studied in a variety of concrete settings [87, 77, 53], as well as more abstractly [35,
16]. Google’s BwE paper [66] takes a similar approach to ours of decomposing overall
utility into per-service utility curves, however they compose and optimize over their per-
service curves differently as their objective is max-min fairness across flows. Furthermore,
they perform their allocation centrally across a global WAN with different tasks and users.
We examine the problem of bandwidth allocation from the perspective of the components
components within the AV control application, which is part of the larger class of compound
AI systems [107].
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A Supplementary Material

A.1 Economic Feasibility

In this section, we analyze whether our approach is feasible when taking into account the
cost of network transmission (Appendix A.1.1) and compute (Appendix A.1.2).

A.1.1 Network Cost

Commercial cellular network usage is charged primarily by the GB [49]. We conduct an
analysis of consumer-marketed cellular data plans reported in the Cable.co.uk global mobile
data pricing dataset [51]. Table 2 shows the cheapest consumer-facing (i.e., SIM card)
cost per GB of data in a selection of countries, along with the computed cost per hour of
streaming an average of 100 Mbps of data continuously. We note that we expect wholesale
pricing, especially geofenced to a particular region, to be considerably cheaper.

We see that prices vary widely from as low as $0.001/GB in Israel, to $0.75/GB in the
US, up to over $2 in Norway. This wide range in pricing requires careful consideration
in deployment: in countries such as Israel, the price of cellular data transmission running
our method is trivial at $0.04 per hour of driving, assuming an average utilization of 100
Mbps. In some other countries, including the U.S. with a price of $33.76 per hour, prices are
considerably higher and present an economic obstacle at present to using remote resources.
However, we note that at or below the 10th percentile of global prices which includes major
markets such as India, Italy, and China mobile networks are cost-effective at $2.78 per hour
of driving. We expect much of the rest of the world to follow to these prices, as median
price per GB has continuously decreased 4× over the years our dataset covers, 2019-2024,
from $5.25 to $1.28.

In the short-term, in countries with high cellular data prices, operators may choose to
reduce costs by selectively utilizing remote resources to aid in high-stress driving environ-
ments e.g., during poor visibility due to weather and busy urban areas. Alternatively, it
would be feasible for AV fleet operators to deploy their own dedicated locale-specific wireless
network at cheaper cost.

A.1.2 Compute Cost

Cloud providers offer competitive access to GPUs: Lambda Labs hourly pricing ranges from
$0.80 for an NVIDIA A6000 GPU to $2.49 for an NVIDIA H100 GPU [69].

Cloud compute offers a number of additional valuable advantages not available on the
car. Cloud access allows operators to configure which compute resources to use based on
compute requirements and cost sensitivity. Remote resources cannot be stolen or damaged
in an accident. AV fleet operators can take advantage of statistical multiplexing to share a
smaller set of compute for their fleet Appendix A.1.3. Furthermore, model serving systems
can optimize resource utilization by batching and scheduling requests [23, 104, 46], resulting
in further price improvements.

Total cost. We estimate total hourly cost of remote resources at $5.27, with $2.78 from the
network (at the 10th global percentile) and $2.49 from compute for an H100. We emphasize
that the true cost of cloud compute is likely lower due to better efficiency when operating
at scale.
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Rank Country $/GB $/Hour
1 Singapore $0.07 $3.30
2 Netherlands $0.36 $16.08
3 Norway $2.09 $94.14
4 United States $0.75 $33.76
5 Finland $0.26 $11.62
– China $0.27 $12.28
– Israel $0.001 $0.04
– 10th pct $0.062 $2.78
– Median $0.37 $16.84

Table 2: Network costs ranked highest by AV readiness score [65]. We include China as a major
AV market [27], Israel as the cheapest cellular market, and the 10th percentile and median global
country by network price. Hourly rates assume an average constant network utilization of 100 Mbps.

A.1.3 Cloud Compute Multiplexing
Sharing upgraded compute costs across a fleet of vehicles presents a significant opportunity
to further reduce costs over upgrading on-vehicle compute due to statistical multiplexing
of cloud resources. Though cars still need to retain their own GPUs, shared upgrades to
cloud resources can instantly benefit fleets of AVs. The average driver in the U.S. drives only
60.2 minutes per day [101], i.e., a vehicle utilization of 4.2%. This under-utilization is more
pronounced for personal vehicles than autonomous ride-hailing services, which we estimate
to be ∼59% based on the ratio of peak to average hourly Uber rides in New York City [37].
Considering this under-utilization, the cost of purchasing a single H100 GPU (∼$40k [115])
is equivalent to renting an H100 in the cloud for an 44 years for the average American driver,
and 3 years for the average autonomous ride-hailing vehicle.

A.2 Practical Necessity of TURBO
We acknowledge that there are limited deployments of commercial AVs today [133, 24, 136]
which outperform humans on safety benchmarks [134, 135], and rely on this capability to
provide a fallback when network connectivity is unavailable. However, “safety” as both a
concept and a metric is continuous, measured as a rate of incident occurrence [95, 134, 135],
and AVs must merely exceed human-level safety for deployment [122]. TURBO seeks to
improve safety beyond what on-car systems can provide today and presents an opt-in solution
for AV providers to improve the accuracy of their services by leverage cloud and network
infrastructure.

For AVs with different sets of economic and technical requirements (e.g., operating in low-
stakes environments and with little compute, such as autonomous delivery robots [63, 151,
40]), TURBO may provide a viable method of improving existing or expanding functionality
such as safe high-speed operation or decreasing the rate of human intervention [123].

As AVs deployments expand, we expect to see more “outdated” AV models on the road13.
As SOTA compute hardware performance, and correspondingly SOTA model sizes and re-
quirements, continues to rapidly increase [110, 81, 28], outdated hardware will prevent older
vehicles from utilizing the latest model advancements. While upgrades to on-vehicle com-
pute hardware are possible, they may be difficult to roll out in practice. As a reference, fix

13 The average lightweight vehicle age in the U.S. is 12.5 years [14].
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rates for recalls are only 52-64% [89] despite being free, mandatory upgrades that mitigate
critical safety risks (e.g., faulty brake systems [50]). TURBO provides access to SOTA cloud
hardware, enabling older AVs to use highly accurate, SOTA models.

Finally, SOTA hardware requires increasingly stringent operating environments, ranging
from high power and cooling needs for GPUs [74], to strong intolerance to movement or
temperature changes for quantum computing [85]. As a result, the only way to integrate
methods that require such hardware is via the network, and TURBO presents a system that
can manage this integration. Hence, we firmly believe that such a system is useful today
and will become more applicable to the real world as current technical and economic trends
continue.
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